Diffusion MRI (dMRI) provides a noninvasive tool for investigating white matter tracts. Probabilistic fiber tracking has been proposed to represent the fiber structures as 3D streamlines while taking the uncertainty introduced by noise into account. In this paper, we propose a probabilistic fiber tracking method based on bootstrapping a multi-tensor model with a fixed tensor basis. The fiber orientation (FO) estimation is formulated as a Lasso problem. Then by resampling the residuals calculated using a modified Lasso estimator to create synthetic diffusion signals, a distribution of FOs is estimated. Probabilistic fiber tracking can then be performed by sampling from the FO distribution. Experiments were performed on a digital crossing phantom and brain dMRI for validation.
INTRODUCTION
Diffusion MRI (dMRI) provides a noninvasive tool for investigating white matter tracts by imaging the anisotropic water diffusion in the fibers. Using dMRI, fiber tracking can be applied to create 3D streamlines that represent fiber structures [1] . Usually, fiber orientations (FOs) are estimated and used to propagate fiber streamlines [1] . Because noise in dMRI introduces uncertainty to FO estimation [2] , probabilistic fiber tracking has been proposed [3] [4] [5] .
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Bootstrapping [6] has been widely used for probabilistic representation of FOs [2] [3] [4] [5] 7] . It does not require an ad hoc assumption of the relationship between the diffusion profile and the FO uncertainty. Bootstrapping has been applied to the basic dMRI strategy known as diffusion tensor imaging (DTI) [8] and also to the more advanced high angular resolution diffusion imaging (HARDI) [9] which aims to resolve crossing fibers. These methods [2] [3] [4] [5] 7] formulate the FO estimation as a linear regression problem and use bootstrapping to estimate the FO distribution.
To reduce the number of diffusion gradient directions required to resolve crossing fibers, methods based on a fixed basis and its sparsity have been proposed [10] [11] [12] , and FOs can be estimated by solving a Lasso problem [13] . However, previous bootstrapbased probabilistic fiber tracking methods are based on the linear regression model, and their counterpart on the Lasso model has not been explored.
In this work, we propose a probabilistic fiber tracking method based on bootstrapping the multitensor model with a tensor basis. As in [10] , the FO estimation is formulated as a Lasso problem. We use a modified Lasso bootstrap method [14] to estimate the distribution of FOs. By resampling the centered residuals calculated by the modified Lasso estimator with replacement to create synthetic diffusion signals, a distribution of FOs can be estimated. Fibers can then be propagated at each step by sampling from the FO distribution. By repeating the fiber tracking process, a probabilistic representation of fiber tracts can be acquired. 
where S k is the diffusion weighted signal in the kth gradient direction, S 0 is the signal acquired without diffusion weighting, f i is the unknown mixture fractions (MFs) for D i and i f i = 1, b is a constant, g k is the k-th gradient direction, and n k is a noise term. Letting the number of gradient directions be K, by defining y =
where
Because the number of FOs is small in a voxel, sparsity of f is assumed to reduce the number of gradient directions required for FO estimation [10] . A voxelwise FO estimation is achieved by first relaxing the constraint of i f i = 1 and then approximating the 0 -norm with the 1 -norm [10] :
Finally, the MFs are normalized so that they sum to one. The directions represented by the basis tensors with nonzero MFs are interpreted as FOs.
FO Estimation by Bootstrapping
The solution to Eq. (3) gives a deterministic estimate of f . To take the uncertainty introduced by noise into account, we use a bootstrap strategy. Due to the sparsity assumption, the FO estimation is not a linear regression problem as in [3, 5] , and a Lasso bootstrap strategy [15, 16] should be used for FO estimation. A straightforward option is to use the standard bootstrap strategy where signals are synthesized directly with centered residuals [15] . However, as discussed in [14] , such bootstrap strategy fails to provide a valid approximation for an unknown distribution to be estimated. Thus, we adopt a modified Lasso bootstrap approach proposed in [16] for probabilistic FO estimation.
To apply bootstrapping, residuals should first be calculated from the estimate of f . Because of the constraint i f i = 1, the MFs obtained from solving Eq. (3) are first normalized (denoted byf ). Then, a modified Lasso estimator is defined as [16] 
Here 1 is an indicator function, and a K is a quantity that satisfies a K + (K
(c ∈ (0, ∞) and δ ∈ (0, 2 −1 )) [16] . In this way, small values of f i are set as zero, which solves the inconsistency of the standard bootstrap in [15] . A detailed proof can be found in [16] .
Using the modified estimatef , residuals r = (r 1 , ..., r K )
T can be calculated: r = y −Gf . Then, centered residuals r * k = r k −r K are computed,
In each gradient direction k, we randomly sample an r * * k from {r * 1 , ..., r * K } (with replacement) and synthesize
A distribution of FOs can then be achieved using the repeatedly synthesized signals y * = (y * 1 , ..., y * K ) T .
Probabilistic Fiber Tracking
Each fiber is initiated from a seed voxel with a fractional anisotropy (FA) value larger than a threshold t FA . In the seed voxel, FOs are sampled using the modified bootstrap, and the FO with the largest MF starts the propagation. During the propagation, the FO in the current voxel is used until the fiber reaches the next voxel. Then, the FOs in the new voxel are sampled as proposed, and the basis direction v i that maximizes f i |v i ·v last | 4 [10] is selected as the propagation direction. Here v last is the unit propagation direction in the previous tracking step. Note that only directions with MFs larger than a threshold t mf are used in the tracking [10] . The fiber is terminated if it reaches a voxel with FA lower than t FA or the angle between the previous and current propagation direction is larger than a threshold θ t .
EXPERIMENTS

3D Digital Crossing Phantom
The proposed method was performed (with β = 0.1) on a 3D digital crossing phantom (see Fig. 1 ). One b0 image and 30 diffusion weighted images (DWIs) were simulated and b = 700 s/mm 2 . Rician noise (σ/S 0 = 0.03) was added to the DWIs. The proposed method is compared with the CFARI algorithm [10] (deterministic fiber tracking on the multi-tensor model) and the wild bootstrap algorithm [2, 4] (probabilistic fiber tracking on the DTI model). A seed was placed in the noncrossing region (shown in Fig. 1 ) and 100 fibers were generated for the wild bootstrap and proposed method. The proposed method generates a distribution of fibers that corresponds to the desired anatomy (transverse fibers), while the wild bootstrap method is unable to propagate fibers through the crossing regions.
For quantitative evaluation, we use the maximum of the two FO estimation error measures proposed in [17] . We tested different levels of Rician noise and used a similar evaluation design as in [5] . For each level, we selected a noncrossing voxel and a crossing voxel, and obtained 5000 noisy samples. FOs were estimated and the means and standard deviations (SDs) of the errors were calculated as the gold standard. Then, we created 100 noncrossing and crossing noisy samples for our bootstrap method. For each sample, bootstrapping was per- formed 100 times to estimate the means and SDs of the error. The 95% confidence intervals (CIs) of the estimates using all 100 samples are plotted in Fig. 2 and compared with the gold standard. The gold standard means and SDs are located within these 95% CIs, indicating the uncertainty estimated by the proposed method is close to the gold standard.
Brain dMRI
The proposed method was applied to brain dMRI of a healthy subject. One b0 image and 30 DWIs (b = 700 s/mm 2 ) were used. Each DWI was acquired on a 3T MR scanner (Intera, Philips, Netherlands) with a multi-slice, single shot EPI sequence. The images were resampled to be 0.828 mm isotropic.
The proposed method (with β = 0.1) is compared with CFARI [10] and wild bootstrap [2, 4] fiber tracking. Seeds were placed in the thalamus, and the results are shown in Fig. 3 with the cortical surface. The fibers generated by the proposed method are better distributed on the cortical surface.
CONCLUSION
In this work, we have proposed a probabilistic fiber tracking method based on a modified Lasso bootstrap strategy. Using the signals synthesized by re- sampling the modified centered residuals, a distribution of FOs can be generated and probabilistic fiber tracking can be performed. Experiments on a digital crossing phantom and brain dMRI demonstrate the efficacy of the proposed method.
